Peer reviewed version Cyswllt i'r cyhoeddiad / Link to publication
Introduction
Anthropogenic activities such as farming and livestock management or sewage discharges can cause pollution by faecal bacteria and pathogenic viruses in rivers . This type of pollution can pose both serious health threats and affect the use of water by humans, such as commercial activities (for example, shellfish growth in river estuaries) or recreational activities, with severe social and economic consequences. This has already occurred in many regions of the world, such as the decline of marine water quality in Western Africa (Bouvy et al., 2008) , the degradation of coral reef in the Caribbean (Hernández-Delgado et al., 2008) and the contamination of drinking water in Brazilian shanty towns (Copeland et al., 2009 ) with global impacts on the recreational use of water (WHO, 2003) . Faecal Indicator Bacteria (FIB), such as total coliforms or faecal coliforms, are used to detect and measure faecal contamination in water and sediment, and are a widespread indicator of the presence of pathogen organisms in freshwater or brackish water.
Whilst there is a growing body of research outcomes concerning the sources, sinks and transport of FIB in freshwater and estuarine environments (Perkins et al., 2016) , in river sediment , in sewage water (Kay et al., 2008) and groundwater (Kay et al., 2007) , these approaches might be limited for the analysis of the dynamic response of FIB to changes in climate and land use/land management . To understand land-use, climate change, and population growth impacts on FIB, mathematical models are required to describe point and diffuse FIB sources and transport at the catchment scale. Models can be used to develop informed health risk assessments and evaluate policy reforms and land-use change options , taking into account the joint impact of climate and land-use change (Bussi et al., 2016a) .
In particular, physically-based models, or mechanistic modes (de Brauwere et al., 2014) , combined with direct FIB measurements, can provide daily estimates of FIB in rivers in response to climatic events. An example is the INCA-Pathogens model , which belongs to the INCA family of models (Whitehead et al., 1998b) , and can be used to simulate the cycle of FIB in a catchment, taking into account both diffuse and point sources and the decay from sources to sinks.
However, the use of physically-based models is limited by the lack of data. Usually, FIB data are intermittent, with low collection frequencies (weeks to months) and short time coverage. Therefore, robust modelling approaches are needed to tackle this problem, taking into account the different sources of uncertainty (data, model structure, model parameters, etc.) .
In this study, the INCA-Pathogens model was used to understand the impacts of upland faecal pollution on the downstream concentration of FIB under a changing climate and under several scenarios of land use and land management. The model was calibrated against observed FIB data (Emmett et al., 2016 ) using a Monte Carlo procedure, and then coupled with climatic projections (Prudhomme et al., 2012) and land-use scenarios (Prosser et al., 2014) . The model parametric uncertainty of the climatic model and the pathogens model were also taken into account. The model results were used to estimate the consequences of upland pollution on the flux of FIB into the river estuary and to gain knowledge regarding the possible measures to mitigate it by acting on the upland landscape and land cover. In particular, the objectives of this study are: (i) to assess the fate of pathogen contamination from upland livestock activity in terms of river water quality; (ii) to investigate and quantify the impact of landscape management on the mitigation of faecal pollution; and (iii) to provide a methodological framework to analyse the impact of faecal pollution under a changing climate and land use.
Study area
The River Conwy catchment is located in the north-west of Wales (UK) and is the third largest river discharging into the Irish Sea along the North Wales coast. It drains a catchment of 678 km 2 , with the main drainage channel covering a distance of 55 km (Figure 1) . The upper reaches of the river cross upland blanket bog and moorland (Smith et al., 2007) , passing through improved grazing land and conifer plantations via steep gorges to the town of Betws-y-Coed (reach 4 in Figure 1 ). The lower Conwy, which flows through extensive flood plains and by several larger towns, meets the tidal limit downstream reach 5 (Figure 1 ), around 20 km inland from the estuary mouth. Three major tributaries (the Machno, Lledr and Llugwy) join the upper Conwy from the west, and drain many of the high mountains of the Snowdonia National Park (elevation up to 1086 m a.s.l.). More information regarding the catchment can be found in Perkins et al. (2014) .
There is a marked precipitation gradient from the lowlands (valley bottom and Eastern part of the catchment) to the highlands (Western part of the catchment). The mean annual precipitation is typically slightly below 1000 mm in the lowland and it exceeds the 3000 mm on the highest peak, for example on the mount Snowdon.
The catchment contains many important conservation sites. The western and southern parts of the catchment fall within the Snowdonia National Park. Thin soils, steep topographic gradients, impermeable rock and high rainfall lead to a rapid hydrological response. Mean annual runoff at the Cwm Llanerch gauging station, above the tidal limit, is 19 m . Historically this has caused frequent inundation of the floodplain and its villages and towns.
[ Figure 1 here]
The catchment is predominantly rural, with sheep farming as the main land use to the west and mixed dairy, beef and sheep farming to the east (Smith et al., 2007; Statistics for Wales, 2015) . The lowland flood plain area, downstream of Betws-y-Coed, has some arable farming which requires improved drainage. To the west of Betws-y-Coed there is a large afforested area, the Gwydir Forest. The upper catchment is given over mainly to sheep farming. There is extensive semi-natural woodland cover in most sub-catchments including important areas of wet woodland (Smith et al., 2007; Statistics for Wales, 2015) . The catchment landscape is of exceptionally high aesthetic quality, and tourism is the main contributor to the local economy (Conwy County Borough, 2017) . Livestock farming and forestry management maintain the landscape quality as well as being productive in their own right.
There are a range of water quality and flow issues in the catchment requiring management including coastal pollution with microbial and viral pathogens, affecting shellfish in the estuary (Perkins et al., 2016 . Consistent production of a good quality product is essential for a successful shellfish business. In the Conwy catchment the problem of increased microbial loadings on shellfish beds can affect the production of a consistently high quality product. Microbial pollution has also forced the failure of blue flag bathing beaches in the past. The closure of the fishery along with the loss of tourist income due to the closure of the blue flag beaches would cause not only a direct loss to the local economy, but also large indirect economic losses.
Methodology

Faecal Indicator Bacteria data
Freshwater samples were collected from several locations throughout the River Conwy catchment ( Figure 1 ). As detailed in Perkins et al. (2014) and Emmett et al. (2016) , samples were mixed and homogenised by shaking. Briefly water samples were processed within 4 hours of collection in accordance with the Revised Bathing Water Directive (2006/7/8EC) . Bacteria were enumerated following vacuum-filtration of the water sample through a 0.2µm cellulose acetate membrane filter. The membranes were transferred onto sterile agar plates containing selective medium for the numeration of E. coli and coliforms (Harlequin (LabM HAL008)). Agar plates were incubated and enumerated 24 h post incubation Sediment samples were assessed for coliforms and, briefly, E. coli by the transfer of 1 g of sediment to a 7 ml sterile bijou tube and vortexed in Ringers solution to disassociate and resuspend the bacteria from the sediment . Aliquots of the supernatant were aseptically transferred onto agar plates containing selective media for E. coli and total coliforms (Harlequin (LabM HAL008)). Bacteria colonies were enumerated following 2h hours incubation.
The data used in the INCA model set-up are summarised in Table 1 . The frequency of collection spans between 10 days and a month. The count of FIB can vary considerably within the same day.
This is an important issue to take into account, since in this study a FIB model was set up at a daily scale, and its results are daily averages of FIB. To characterise the sub-daily variability of the FIB, several samples were collected every few hours within the same day. Figure 2 shows the sub-daily variation of the FIB for two sub-catchments.
[ Table 1 here]
[ Figure 2 here]
The INCA-pathogens model
The INCA model is a semi-distributed process-based model developed to simulate the transfer of pollutants from the landscape and point sources to the river. It was originally developed to estimate the concentration of nitrogen (Wade et al., 2002a; Whitehead et al., 1998a) and phosphorus (Wade et al., 2002b) in rivers. Many modules have been added to the main model during the last decade, including carbon (Futter et al., 2007) , sediment (Lázár et al., 2010) , organic contaminants (Lu et al., 2016) and microplastics . One of the most recent development of the INCA model is the pathogens module Whitehead et al., 2016) .
There are many approaches to modelling pathogen organisms (de Brauwere et al., 2014) . Some recent approaches include export coefficient and regression analysis (Kay et al., 2008; McGrane et al., 2014) . These approaches are often used where data is limited or where broad policy advice is required. Chapra (2013) reports a process-based approach taking into account the growth and die-off dynamics of pathogens. This approach forms the basis of most stream models (Coffey et al., 2013; Ferguson et al., 2007; Iudicello and Chin, 2015) and has been extended to include terrestrial components as part of the Soil and Water Assessment Tool (SWAT) applied to whole catchments (Coffey et al., 2013) . Risk based approaches have also been used in literature (Muirhead et al., 2011) .
Nevertheless, these approaches are often uncertain, unlinked from the underlying hydrology, or focusing on only a single part of the environmental cycle of FIB. INCA provides an integrated platform.
In addition, the hydrological and sediment sub-models of INCA have already been tested repeatedly in literature.
The hydrological sub-model of INCA simulates the transformation of rainfall into runoff and the propagation of water through a river network (Wade et al., 2002a) . Its inputs are daily time series of precipitation, temperature, hydrologically effective rainfall, and soil moisture deficit. The latter two are estimated using another semi-distributed hydrological model, called PERSiST .
PERSiST is a semi-distributed physically-based catchment-scale rainfall-runoff model which is specifically designed to provide input series for the INCA family of models. It is based on a userspecified number of linear reservoirs which can be used to represent different hydrological processes, such as snow melting, direct runoff generation, soil storage, aquifer storage and stream network movement. It is driven by daily precipitation and temperature, and it computes evapotranspiration in a manner similar to that presented by Durand (2004) , but, instead of using Penman potential ET as the baseline, a degree day evapotranspiration parameter is used which defines the maximum (i.e.
potential) evapotranspiration when air temperatures are above the growing degree day threshold. The
PERSiST model has been tested over a variety of catchments, and in particular on several temperate catchments (Couture et al., 2014; de Wit et al., 2016; Oni et al., 2015 Oni et al., , 2014 Whitehead et al., 2015b) .
The model was calibrated and validated against observed flows, obtaining a validation Nash and Sutcliffe index of 0.75 over a 26 year time slice.
The INCA-Pathogens model is capable of modelling the sources and sinks of pathogens and to capture the dominant dynamics and processes controlling pathogens in catchments. The model reproduces the storage of pathogens in soils, river water column, river sediments and groundwater, taking into account both diffuse inputs of pathogens from agriculture, urban areas or atmospheric deposition, and point source discharges from intensive livestock units or from sewage treatment works or any industrial input to river systems ). The INCA model reproduces the processes of growth and die-off of the microorganisms in the soil and groundwater zones, taking into account the effect of temperature and solar radiation. The model can be used to reproduce any kind of pathogen microorganism, although, given the data availability, in this study it was used to simulate FIB as a proxy measure of faecal contamination of water.
Model set-up and general sensitivity analysis
HER and SMD were produced using the model PERSiST . Precipitation and temperature data were taken from Met Office stations. Several stations exist within the Conwy catchment, measuring daily precipitation, minimum temperature and maximum temperature among other variables. The INCA model requires a single series of daily precipitation and a single series of mean daily temperature. Given the topography of the catchment, with steep slopes and relatively large difference in elevation from the uplands to the lowlands, and the natural spatial variability of rainfall, a single station cannot provide exhaustive information about the precipitation falling on the catchment. For this reason, the spatial average of daily precipitation was determined using information from several raingauges spread all over the catchment (Table 2) . For the temperature, the station 1171 was used, given that it has a long and uninterrupted record of maximum and minimum temperature. The mean daily temperature was calculated as the average between minimum and maximum daily temperature.
[ Table 2 River Conwy catchment was divided into several sub-catchments (Table 3) . For each catchment, properties such as catchment area, reach length and land uses were defined.
[ Table 3 here]
A general sensitivity analysis was applied to the INCA model of the River Conwy (Spear and Hornberger, 1980; Whitehead et al., 2015a) . The following parameters were selected as the most influential and the sensitivity of the model results to them was analysed: (1) direct runoff, (2) soil water and (3) ground water residence times, (4) rainfall excess proportion, (5) maximum infiltration rate, (6) flow-velocity coefficient, (7) flow threshold for saturation excess direct runoff, die-off coefficient in soils (C ଷ ), (8) animal addition rate, (9) manure addition rate, (10) manure addition period, (11) die-off coefficient in groundwater (C ହ ), (12) flow discharged as effluent, (13) FIB addition rate from effluents, (14) decay coefficient in water ‫ܥ(‬ ), (15) deposition rate ‫ܥ(‬ ଼ ), (16) shear velocity threshold, (17) resuspension rate ‫ܥ(‬ ଽ ) and (18) decay coefficient in sediment ‫ܥ(‬ ଵଵ ). The ranges of variation of the model parameters were also based on previous studies (Bussi et al., 2017 (Bussi et al., , 2016a Jackson-Blake and Starrfelt, 2015) , although they were kept reasonably broad. The feasible space of model parameters was sampled randomly, and 10,000 different parameter sets were generated.
Subsequently, the INCA model was run with each of these parameter sets, and its performance was assessed based on observed values of flow and sediment at reach 4, using data from 2013 to 2014.
The metric used for model assessment was the Nash and Sutcliffe Efficiency (NSE - Nash and Sutcliffe, 1970) . Thresholds of NSE values were used to split the 10,000 parameter sets into behavioural and non-behavioural (Spear and Hornberger, 1980) . In particular, a threshold of 0.5 for the flow and a threshold of 0.15 for the total coliform abundance were used. Following the model evaluation guidelines of Moriasi et al. (2007) , the flow threshold corresponds to a "good" model performance. The 21 selected behavioural models were used in the rest of the study, providing ensemble results of flow and total coliforms.
Climate scenarios
In this study, the Future Flow Climate (FFC) product was employed with the aim of assessing the impact of climate change on the flow and FIB of the River Conwy. FFC (Prudhomme et al., 2012 ) is a consistent set of climate change projections for the whole of Great Britain at both space and time resolutions appropriate for hydrological applications. It enables climate change uncertainty and climate variability to be accounted for in the assessment of their possible impacts on the environment.
It is based on the Hadley Centre's 11-member ensemble projections HadRM3-PPE run under the Medium emission scenario SRES A1B. The 11 plausible realisations (all equally likely) of nearly 150 years (from 1951 to 2098) enable the role of climate variability on river flow and groundwater levels nationally to be investigated and how this may change in the future. Some climate change uncertainty is accounted for by considering all ensemble members together (Murphy et al., 2009 (Nakicenovic et al., 2003) , each a single realisation from a different variant of HadRM3.
Data are provided on a 1-km grid over the HadRM3 land areas. In this study, the INCA model was run using each of the 11 members as input. The same product was used to produce the Future Flows Hydrology, i.e. an ensemble of daily river flow to be used for climate change impact assessment across Great Britain (Prudhomme et al., 2013) . No further bias correction was carried out on the FFC, which underwent such a procedure during its development (see Prudhomme et al., 2012) .
[ Figure 3 here] Figure 3 shows the monthly averages of precipitation and temperature for the River Conwy catchment for the control period and for two future time periods (2020-2050 and 2060-2090) .
Precipitation is projected to decrease slightly in summer and increase slightly in winter. However, if the climate model uncertainty, given by the 11 climate model members which define the solid area in , was used to characterise the land uses in the catchment (Smith et al., 2007) . The land cover categories were aggregated to six classes of land use: Urban, Forest, Natural Grassland, Improved grassland, Shrubland and Arable.
Other three scenarios were considered in this study. These land-use scenarios are part of the DURESS (Diversity of Upland Rivers for Ecosystem Service Sustainability) project, launched in May 2012 (Prosser et al., 2014) . The DURESS scenarios resulted from appraising drivers of change in an expert workshop representing all appropriate sectors (farming, forestry, water, nature, communities), identifying plausible land management responses to each driver of change, called projections, analysing possible interplay among these projections to construct different storylines.
One of these storylines is the managed ecosystems scenario, where ecosystem integrity is proactively enhanced to safeguard water, carbon and nature through either public funding of agrienvironment schemes or because the market value of these services increases. Carbon and biodiversity management becomes the dominant management paradigm in upland systems. Policy is focused on restoring peatlands, and expanding wetlands and woodland to increase biomass and regulate soil carbon exports. Reliance on overseas areas for provisioning services (fuel, fibre and food) may increase.
The second scenario considered is the agricultural abandonment. In this storyline, land becomes abandoned as a result of market or regulatory failure of the other three scenarios, leading to rapid decline in production and unmanaged development of quasi-natural habitats. In particular, existing upland policies become too costly to implement because of competition for public funds for other priorities, and lack of viable markets for products and services. Sustainability of farming enterprises becomes compromised through loss of farm succession and poor uptake of new technology and practices. Decline in farming activity and upland livelihood opportunities leads to eventual abandonment. Upland communities become more dependent on external jobs, with takeover for retirement and tourism.
The third scenario is the agricultural intensification. In this storyline, maximising food and fibre production becomes crucial to meet the challenges of food security and increasing global demand.
Global food security forces policy to focus on production: Hill farming is now expected to be an important contributor to the national livestock industry by providing breeding and finishing stock to lowland farming systems and fatstock for the market. Environmental protection activity is limited to compliance with regulations.
Based on these considerations, land use maps were developed, corresponding to the four scenarios described above, and then reclassified following the land-use categories shown in Table 3Error ! Reference source not found.. As part of the scenarios development, the direction of change for each land use type was established. A suitability model was built for all land classes predicted to change, based on spatially sensitive drivers of change. In particular, land cover data, agricultural data, farming statistics, elevation data and rivers and road maps were used to establish the most suitable area for every land use, depending on the scenarios. Change was then allocated spatially according to the amount dictated by projections, starting from the most suitable polygons in the current land cover map. The scenarios were considered as static, i.e. they did not change in response to changes in the climate (Bussi et al., 2017) . The results can be seen in Figure 4 , where four of the six land use categories are shown for the four land-use scenarios considered in this study.
[ Figure 4 here]
Results
Model calibration
The results of the selected behavioural models from the Monte Carlo General Sensitivity Analysis are shown in Figure 5 for Reach 4 (Cwn Llanerch). It can be seen that the model performance in reproducing the observed flow is very good. On the other hand, the spread of the model results for FIB in water and FIB in sediment is quite wide, although the observed values (black dots) are predominantly contained within the model result area, indicating that, given the observations available, the model is providing a good performance.
The model spatial validation is shown in Table 4 . In this table, the correlation coefficients (R 2 ) of the median of the model results with the observations are shown for all the reaches with data available, for flow, FIB in water and FIB in sediment.
[ Table 4 here] means that values of FIB = 0 CFU 100 mL -1 were measured. In these cases, it might be that the count of FIB was below the limit of detectability, and therefore it was classified as 0. It is important to note, however, that the x-axis are logarithmic, and the differences between observed and simulated values in the left part of a plot is much smaller than the differences between observed and simulated values in the right part.
[ Figure 6 here] Given that the model was used to simulate the time period 1960-1990, a retrospective validation is also provided here. In Figure 7 , the model validation the time period 1960-1990 is shown. These results were obtained by running the INCA model driven by measured precipitation and temperature, and then compared with water flow observations at the station of Cwm Llanerch (reach 4), available starting from 1964. In this model validation run, the land use was considered unchanged, due to lack of data, even though changes occurred in such a long time period. Furthermore, the quality of the historical data required for both the input information (precipitation and temperature) and the flow observations was variable and sometimes not ideal. Despite that, the model obtained an overall good performance, with NSE values ranging between 0.48 and 0.65, depending on the behavioural model parameterisation.
[ Therefore, for the purposes of this study, the model has been validated and can be used for guiding policy making, within the limitations that have been discussed in the manuscript.
Climate change impact
The response of the River Conwy to climatic changes at reach 4 is shown in Figure 8 . Concerning the 2060-2090 temporal period, it can be noticed that a decrease in summer flows is forecasted, as well as a general decrease in flows with a non-exceedance probability between 0.1 and 0.4. This is mainly due to the increase in temperature and decrease in summer temperature forecasted by the FCC model (Figure 3) . At the same time, an increase in winter flow is also shown in 5.2% and 25.1% respectively. These increased flows will effectively dilute the FIB discharges entering the river system, if the sources of FIB are unchanged (this will probably be the case for point sources, but it is unlikely to be true for diffuse sources).
[ Figure 8 here]
The impact of climate change on FIB in water and sediment can also be seen in Figure 
Land-use change impact
The results of the joint assessment of climate and land-use change on the FIB in the River Conwy (reach 4) are shown in Figure 9 . These plots show the monthly averages of FIB in water and the distribution functions of FIB in water under the four land-use scenarios considered in this study (baseline and managed ecosystems) and at different time horizons (1960-1990, 2020-2050 and 2060-2090) . It can be noticed that the abandonment scenario causes a general decrease in FIB, which is especially noticeable during the summer months. The managed ecosystems scenario also causes a decrease in summer FIB, with an effect similar to the abandonment scenario. The intensification scenario causes a sharp increase in summer FIB, leading to a concentration that is around double that of the managed ecosystem scenario.
The same results can be seen in Table 5, of FIB by 10% to 24%, depending on the sub-catchment and the time period, while the abandonment scenario can reduce it by up to 37% and the intensification scenario can cause an increase in FIB of 37-65%.
[ Figure 9 here] From Table 5 , it is interesting to note that the land-use scenarios have different impacts depending on the sub-catchment. For example, the abandonment scenario does not seem to have a very large impact for sub-catchment 18 (15% reduction of FIB under 1960-1990 climatic conditions), which is a montane catchment, but it has a substantial impact on sub-catchment 16 (46% reduction of FIB under 1960-1990 climatic conditions), which is an upland pasture sub-catchment, and on the whole of the Conwy catchment at reach 4 (46% reduction of FIB under 1960-1990 climatic conditions).
Furthermore, it can be noticed that the joint impact of climate and land use has a non-linear effect on the distribution of FIB. For example, while the median FIB reduction caused by the managed ecosystem scenario under 2060-2090 climatic conditions at reach 4 is 46%, the reduction in the 90 th percentile of FIB is 58%, under the same climatic conditions.
[ Table 5 here]
Discussion
Several sources of uncertainty affect the results of the INCA-Pathogens model. First of all, the FIB model used in this study was calibrated based on instantaneous intermittent data. These data are certainly affected by measurement uncertainty and by the natural sub-daily variability, which is shown in Figure 2 . This is likely to affect the model ability to reproduce the catchment processes. Thus, it is important to highlight that more data is needed to understand FIBs movement in rivers and model their behaviour. Second, the sources of FIBs within the catchment are also uncertain. A better appraisal of the farming and livestock activities within the catchment is needed to strengthen the results of this study. Third, INCA-Pathogens is, as all models, a simplification of the reality, and therefore its results are affected by structural errors which must be considered. In this paper, a Monte
Carlo-based technique to assess the model error and take into account the parametric uncertainty of the model was employed to overcome this limitation, although the results show a rather large spread of behaviours, which can only be reduced by addressing all the limitations listed above.
The climate scenarios adopted in this study enable the climate model parameter uncertainty and climate variability to be accounted for (Prudhomme et al., 2012) , through the use of 11 different perturbations of the atmospheric parameterisation of a climate model (Murphy et al., 2009 ). In particular, the INCA model was driven by 11 different realisation of a climate model, thus incorporating the climate model parametric uncertainty. In a similar way, the general sensitivity analysis adopted and the use of several behavioural models allows estimating the parameter uncertainty of the hydrological and FIB model, by sampling different equifinal parameterisations (Spear and Hornberger, 1980) . Furthermore, it allows calibrating the model in a robust and objective way, overcoming the equifinality problem (Beven, 1989) . However, the resulting FIB model result interval is quite broad, indicating that the uncertainty in the model results is very high. This is due to the model structure, which is obviously a simplification of the real system, to uncertainty in the quantification of the input parameters and variables (e.g., the use of manure, the presence of livestock, the spatial variation of precipitation, etc.) but also because of the scarcity of data and the uncertainty of the measurements. Given the data and tools available, the results provided by coupling INCA-Pathogens and the FFC scenarios appears to provide robust and reliable results, which take into account the different sources of uncertainty, and can be used to inform decision making and land management.
The climate change impact on flow is expected to follow the pattern of wetter winters and drier summers that has been noted elsewhere in Britain (Whitehead et al., 2009) , although no large changes are expected in the short term. This is shown in Figure 3 , although it can also be seen that not all scenarios indicate this pattern. Some of them show wetter winters and wetter summers. The main drivers of change are temperature, which drives evapotranspiration, and precipitation, which drives changes in runoff. Temperature is expected to rise, thus leading to drier soils and therefore reduced flows, while precipitation should increase in winter and decrease in summer, with proportional effects on the river flow.
Concerning climate change impacts on FIB, these have been mainly linked to changes in precipitation. Half of the waterborne disease outbreaks in the US during the last half century followed a period of extreme rainfall (Delpla et al., 2009; Hunter, 2003) . Heavy rainfall may wash pathogens from soils and lead to changes in the direction of flow of water systems. Heavy rainfall can also lead to overflow of storm drains that may be combined with the sewage system, mixing faecally polluted water with river water. Surface water turbidity can also increase during heavy rainfall events (Hunter, 2003) . For example, heavy rains following a period of drought coincided with a major outbreak event of E. coli in New York (US) in 1999. The likelihood of phenomena may be increased by high soil saturation, which enhances rapid transport of microbial organisms (Rose et al., 2001) . Additionally, floods often lead groundwater contamination (Hunter, 2003) .
In the case of the River Conwy, the opposite seems to take place: rainfall is not forecast to change in average, and is forecast to decrease in summer, especially for the 2060-2090 years ( Figure 3 ). This leads to lower flows in summer, which in turn cause a decrease in FIB concentration in water and sediment, due to a decrease in the export of FIB from soils and the transport of FIB from sources to sink. However, attention should be paid to extreme events during colder seasons. The increase in winter precipitation forecasted by climate models could lead to increased flow and increased FIB concentration, although the model results suggest that summer events are responsible for a larger proportion of FIB transport.
Temperature also affects the spread of waterborne diseases, although a rise in global temperature is expected to increase the likelihood of other types of health threats, such as for example toxins derived from cyanobacteria (Bussi et al., 2016b; Hunter, 2003) . It is also hypothesised that higher water temperatures will lead to a pathogen survival increase, although there is still no clear evidence (Hunter, 2003) , and the INCA-Pathogens model does not take this phenomenon into account. On the other hand, an increase in temperature will increase the die-off of FIB in soils and will lead to longer residence times in the river channels, thus causing a decrease in FIB. For example, Garzio-Hadzick et al. (2010) quantified with laboratory experiments the relationship between temperature and E. coli die-off, and an exponential relationship is widely adopted to describe this phenomenon (Chick, 1908) .
As previously shown for example by Tong and Chen (2002) , the impact of land use change on water quality can be assessed through the use of modelling tools like the INCA-Pathogens model . The results of this study show that a substantial reduction of FIB in water can be achieved by implementing the managed ecosystems scenario. This reduction is around 15% in terms of average FIB and can be up to 30% for high concentrations of FIB. This is mainly attributable to the conversion of pasture to grassland, thus reducing the sources of pathogens in the River Conwy catchment (mainly located within the pasture areas), and to the expansion of forest land, which reduces soil erosion and sediment transport (Buendia et al., 2016) and therefore reduces the abundance of FIB attached to the river bed sediment. The land-use scenarios considered in this study are static, i.e. they do not change along with changes in climate. This can be a limitation of the results here proposed, since it has been shown that considering land-use as a dynamical variable which responds to climate change can lead to different results (Bussi et al., 2017) . This factor is to be taken into account in future developments of this study.
While the model results averaged over long time slices can identify some clear pattern of FIB variation (e.g. decrease of FIB in summer), they can also provide very useful information about the changes in the extremes. 
Conclusion
This paper shows how faecal pollution might vary due to natural and anthropogenic stressors in a temperate catchment where the local economy has strong ties with the quality of water in the river mouth. In particular:
-Climate change is expected to decrease slightly the pathogens concentration and load in the river due to increased die-off rates caused by warming, and to lower flows.
-Land use can alter significantly the pathogen cycle, leaving room for substantial reduction of faecal pollution by acting on the landscape through conversion of pastureland to grassland and the expansion of forest land.
This paper also provides a methodological approach to model climate and land-use change impacts on faecal contamination in rivers taking into account the large uncertainty affecting both observations and model results. Figure captions 
